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Supplementary Figures

Supplementary Figure 1:
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Accuracy of predictions of unrestrained cross-
validating data in reweighted A 340 ensembles obtained by reweighting an a99SB-
disp MD ensemble with different experimental restraints. The root mean square
error (RMSE) between calculated and experimental data in reweighted AS40 ensembles are
shown as a function of the value of the regularization parameter (o,,) of experimental re-
straints used for reweighting. Experimental data types are indicated by color. The RMSEs
of unrestrained cross-validating data are indicated by solid lines, and the RMSE of restrained
experimental data is indicated by dotted lines. The Kish ratio of each reweighted ensemble
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Supplementary Figure 2: Reweighted IDP ensembles become less representative
of the most populated conformational states sampled in unbiased MD simulations
as the strength of experimental restraints is increased. We performed maximum
entropy reweighting of a 30us unbiased a99SB-disp MD ensemble of the ParE2 associated
antitoxin protein (PaaA2) using the backbone Ca and N NMR chemical shifts of residue
ALA38 as restraints. We compare the distribution of the predicted values of these two
chemical shifts in each reweighted ensemble as a function of the value of regularization
parameter o,., of these restraints. Smaller values of 0,¢, correspond to greater strengths
of experimental restraints. The calculated values of the restrained chemical shifts in each
reweighted ensemble are shown as yellow diamonds. The calculated values of the chemical
shifts in the unbiased MD ensemble are shown as a white circle and the experimental values

of the chemical shifts are shown as a red square.
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Supplementary Figure 3: Maximum entropy reweighting of an a99SB-disp MD
ensemble of A(540. A) The effective ensemble size of reweighted ensembles obtained
using individual experimental data types as restraints as a function of the value of the reg-
ularization parameter o,.,. B) Root mean square error (RMSE) between calculated and
experimental data in reweighted ensembles as a function of the value of the global regular-
ization parameter scaling factor (0,e,—ciobar). The Kish ratio of each reweighted ensemble
is indicated by gray dots. C) The normalized RMSE (RMSEy) of unrestrained data in
leave-one-out cross-validation tests where all other experimental data types are used as re-
straints for reweighting. RMSEy values of each data type are normalized by the RMSE
observed in the unbiased a99SB-disp A540 MD ensemble. Black dotted lines indicate the
Kish ratio threshold K = 0.10 in each plot. D) RMSE of experimental data in reweighted
ensembles obtained by reweighting the a99SB-disp MD ensemble with different combina-
tions of restraints. RMSEs are displayed for the unbiased MD ensemble (“Unbiased MD”),
a reweighted ensemble obtained using all experimental data as restraints (“All Restraints”),
reweighted ensembles obtained using each individual data type as the only restraint (“In-
dividual Restraints”) and reweighted ensembles obtained using all but one data type as
restraints (“Cross Validation”). All reweighted ensembles were selected using a Kish ratio
threshold of K = 0.10. Each square is colored to reflect the value of RMSEy relative to the
unbiased a99SB-disp MD ensemble.
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Supplementary Figure 4: Populations of a-helical conformations in unbiased and
reweighted MD ensembles of A 340.
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Supplementary Figure 5: Comparison of free energy surfaces of unbiased and
reweighted ensembles of A(340. Free energy surfaces of unbiased MD ensembles (top
row) and reweighted ensembles (bottom row) of A540 are shown as a function of the radius
of gyration (R,) and a-helical order parameter Sa of each conformation.
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Supplementary Figure 7: Maximum entropy reweighting of an a99SB-disp MD ensem-
ble of ACTR. A) The effective ensemble size of reweighted ensembles obtained using individual
experimental data types as restraints as a function of the value of the regularization parameter o,¢4.
B) Root mean square error (RMSE) between calculated and experimental data in reweighted en-
sembles as a function of the value of the global regularization parameter scaling factor (0yeg—ciobat)-
The Kish ratio of each reweighted ensemble is indicated by gray dots. C) The normalized RMSE
(RMSEy) of unrestrained data in leave-one-out cross-validation tests where all other experimental
data types are used as restraints for reweighting. RMSEy values of each data type are normalized
by the RMSE observed in the unbiased a99SB-disp ACTR MD ensemble. Black dotted lines indi-
cate the Kish ratio threshold K = 0.10 in each plot. D) RMSE of experimental data in reweighted
ensembles obtained by reweighting the a99SB-disp MD ensemble with different combinations of
restraints. RMSEs are displayed for the unbiased MD ensemble (“Unbiased MD”), a reweighted
ensemble obtained using all experimental data as restraints (“All Restraints”), reweighted ensem-
bles obtained using each individual data type as the only restraint (“Individual Restraints”) and
reweighted ensembles obtained using all but one data type as restraints (“Cross Validation”). All
reweighted ensembles were selected using a Kish ratio threshold of K = 0.10. Each square is colored
to reflect the value of RMSEN relative to the unbiased a99SB-disp MD ensemble.
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Supplementary Figure 8: Populations of 5 sheet conformations in unbiased and
reweighted MD ensembles of ACTR.
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Supplementary Figure 9: Comparison of free energy surfaces of unbiased and
reweighted ensembles of ACTR. Free energy surfaces of unbiased MD ensembles (top
row) and reweighted ensembles (bottom row) of ACTR are shown as a function of the radius
of gyration (R,) and a-helical order parameter Sa of each conformation.
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Supplementary Figure 11: Maximum entropy reweighting of an a99SB-disp MD en-
semble of drkIN SH3. A) The effective ensemble size of reweighted ensembles obtained using
individual experimental data types as restraints as a function of the value of the regularization
parameter o,.4. B) Root mean square error (RMSE) between calculated and experimental data in
reweighted ensembles as a function of the value of the global regularization parameter scaling factor
(Urenglobal)‘ The Kish ratio of each reweighted ensemble is indicated by gray dots. C) The normal-
ized RMSE (RMSEN) of unrestrained data in leave-one-out cross-validation tests where all other
experimental data types are used as restraints for reweighting. RMSEy values of each data type
are normalized by the RMSE observed in the unbiased a99SB-disp drkN SH3 MD ensemble. Black
dotted lines indicate the Kish ratio threshold K = 0.10 in each plot. D) RMSE of experimental
data in reweighted ensembles obtained by reweighting the a99SB-disp MD ensemble with differ-
ent combinations of restraints. RMSEs are displayed for the unbiased MD ensemble (“Unbiased
MD”), a reweighted ensemble obtained using all experimental data as restraints (“All Restraints”),
reweighted ensembles obtained using each individual data type as the only restraint (“Individual
Restraints”) and reweighted ensembles obtained using all but one data type as restraints (“Cross
Validation”). All reweighted ensembles were selected using a Kish ratio threshold of K = 0.10.
Each square is colored to reflect the value of RMSEy relative to the unbiased a99SB-disp MD
ensemble.
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Supplementary Figure 12: Comparison of unbiased and reweighted MD ensem-
bles of drkN SH3. A) Comparison of SAXS profiles calculated from unbiased MD ensem-
bles and reweighted MD ensembles of drkN SH3. B) Populations of a-helical conformations
in unbiased MD ensembles and reweighted MD ensembles of drkN SH3. C) Comparison
of the RMSE between calculated and experimental data in reweighted drkN SH3 ensembles
derived from different force fields. Reweighted ensembles were calculated using all experi-
mental data as restraints with a Kish ratio threshold of K=0.10. Each square is colored to
reflect the value of the normalized RMSE (RMSEy) relative to the unbiased a99SB-disp MD

ensemble.
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Supplementary Figure 13: Populations of J sheet conformations in unbiased and
reweighted MD ensembles of drkN SH3.
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Supplementary Figure 14: Comparison of free energy surfaces of unbiased and
reweighted ensembles of drkIN SH3. Free energy surfaces of unbiased MD ensembles
(top row) and reweighted ensembles (bottom row) of drkN SH3 are shown as a function of
the radius of gyration (R,) and a-helical order parameter Sa of each conformation. The
white dots reflect the the R, and Sa values of structures from a drkN SH3 protein ensemble
database (PED) ensemble calculated from experimental NMR data. !

12



ANjiqeqoud 3oe3uo0) ANjiqeqoud 10e3u0)
© © © ¥ o 9o 2 @ @9 < o 9
-~ o o o o o -~ (=] (=} o o o

| —— ]

C22* / TIP3P

Ko G & <o 4

5, % & ‘o B %,
A 9 % T % B %,

o 6 &K <o, 4 & <o, 4
Y %&\ vvv‘«m\/\o&

o S %
>
\00 \\&OVOOOVV %,

C36m / TIP3P

,
.
& Aﬁa\\

Ky & 6, & <
% % S, % s, 20, 2 R NSRS
9, Q4 0 K, 0 5 % P H Y RN ACKN T D

<~ 4

Q
2
I
[aa)
[%)
o]
o)}

©

E 1
>
% O & by o % %y Yy <, & S, G G ey do S O U o ks 7
&@\%O&\o‘\x@&m\\v@ \Vovw ,vwm\o\ % % ov\w ,AV\VO%Q;CO aum\\VVO \vovvov\m\o\ Vvv\ %, ow\\
sdej 10e3U0) paselqun sdej 10e3U0) palysiamay

f intramolecular con-

ions o
tacts in unbiased and reweighted ensembles of drkIN SH3. Contact maps of unbiased

(bottom row) of drkN SH3. Con-

A distance threshold between heavy atoms.

f the populat
13

1son o

Compari

MD ensembles (top row) and reweighted MD ensembles

tacts between residues are defined using a 12

Supplementary Figure 15



A Individual Regularization Parameter Scans B Global Regularization Parameter Scan

1.0
—e— Kish Rati
9 08 —_ RI\jISE:aAITRestraints
§o.6
§0.4
¥0.2
0.0l L/ — 0.0
0 4 8 12 16 20 0.0 2.5 5.0 7.5 10.0
O'reg Ureg — Global
Ca C Leave-One-Out Cross Validation
1.2
— CB
Ha = 1.0 %‘_\
H 2
—— N E 0.8
— C /
0.6
—— RDC
—— SAXS 0.0 0.2 9.4 O.§ 0.8 1.0
Kish Ratio
D a99SB-disp Reweighting
¢ o P
oy b W W Y (GRR\ oW .
Unbiased | o 66 | 0.42 | 0.11 | 0.17 | 0.98 | 0.64
MD 1.4
Al | 058 | 0.39 | 0.1 | 0.15 | 0.84 | 0.56 2 =
Restraints 7,
1.0 S
Individual | 9,5 | 0.34 | 0.08 | 0.12 | 0.66 | 0.47 s X
Restraints :
Cross | 0.6 | 0.4 | 0.1 | 0.15 | 0.89 | 0.59 06
Validation 0.4

Supplementary Figure 16: Maximum entropy reweighting of an a99SB-disp MD en-
semble of PaaA2. A) The effective ensemble size of reweighted ensembles obtained using in-
dividual experimental data types as restraints as a function of the value of the regularization
parameter or.q. B) Root mean square error (RMSE) between calculated and experimental data
in reweighted ensembles as a function of the value of the global regularization parameter scaling
factor (aTeg,Global). The Kish ratio of each reweighted ensemble is indicated by gray dots. C) The
normalized RMSE (RMSEy) of unrestrained data in leave-one-out cross-validation tests where all
other experimental data types are used as restraints for reweighting. RMSEy values of each data
type are normalized by the RMSE observed in the unbiased a99SB-disp PaaA2 MD ensemble. Black
dotted lines indicate the Kish ratio threshold K = 0.10 in each plot. D) RMSE of experimental
data in reweighted ensembles obtained by reweighting the a99SB-disp MD ensemble with differ-
ent combinations of restraints. RMSEs are displayed for the unbiased MD ensemble (“Unbiased
MD”), a reweighted ensemble obtained using all experimental data as restraints (“All Restraints”),
reweighted ensembles obtained using each individual data type as the only restraint (“Individual
Restraints”) and reweighted ensembles obtained using all but one data type as restraints (“Cross
Validation”). All reweighted ensembles were selected using a Kish ratio threshold of K = 0.10.
Each square is colored to reflect the value of RMSEy relative to the unbiased a99SB-disp MD
ensemble.
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Supplementary Figure 17: Populations of $ sheet conformations in unbiased and
reweighted MD ensembles of PaaA2.
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Supplementary Figure 18: Comparison of free energy surfaces of unbiased and
reweighted MD ensembles of PaaA2. Free energy surfaces of unbiased MD ensembles
(top row) and reweighted ensembles (bottom row) of PaaA2 are shown as a function of the
radius of gyration (R,) and a-helical order parameter Sa of each conformation. The white
dots represent the R, and Sa values of structures from a PaaA2 protein ensemble database
(PED) ensemble calculated from experimental NMR and SAXS data.? Representative struc-
tures are shown for selected free energy basins of each ensemble. Structures are colored with
a blue-to-red gradient from the N-terminus to the C-terminus.
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Supplementary Figure 20: Maximum entropy reweighting of an a99SB-disp MD en-
semble of a-synuclein. A) The effective ensemble size of reweighted ensembles obtained using
individual experimental data types as restraints as a function of the value of the regularization
parameter oreq. B) Root mean square error (RMSE) between calculated and experimental data
in reweighted ensembles as a function of the value of the global regularization parameter scaling
factor (JTeg,Global). The Kish ratio of each reweighted ensemble is indicated by gray dots. C) The
normalized RMSE (RMSEy) of unrestrained data in leave-one-out cross-validation tests where all
other experimental data types are used as restraints for reweighting. RMSEyN values of each data
type are normalized by the RMSE observed in the unbiased a99SB-disp a-synuclein MD ensem-
ble. Black dotted lines indicate the Kish ratio threshold K = 0.10 in each plot. D) RMSE of
experimental data in reweighted ensembles obtained by reweighting the a99SB-disp MD ensemble
with different combinations of restraints. RMSEs are displayed for the unbiased MD ensemble
(“Unbiased MD”), a reweighted ensemble obtained using all experimental data as restraints (“All
Restraints”), reweighted ensembles obtained using each individual data type as the only restraint
(“Individual Restraints”) and reweighted ensembles obtained using all but one data type as re-
straints (“Cross Validation”). All reweighted ensembles were selected using a Kish ratio threshold
of K =0.10. Each square is colored to reflect the value of RMSEy relative to the unbiased a99SB-
disp MD ensemble.
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Supplementary Figure 21: Comparison of unbiased and reweighted MD ensem-
bles of a-synuclein. A) Comparison of SAXS profiles calculated from unbiased MD
ensembles and reweighted MD ensembles of a-synuclein. Experimental SAXS profile of
a-synuclein is displayed with error bars as reported in the original publication® B) Popula-
tions of a-helical conformations in unbiased MD ensembles and reweighted MD ensembles
of a-synuclein. C) Comparison of the RMSE between calculated and experimental data
in reweighted a-synuclein ensembles derived from different force fields. Reweighted ensem-
bles were calculated using all experimental data as restraints with a Kish ratio threshold
of K=0.10. Each square is colored to reflect the value of the normalized RMSE (RMSEy)
relative to the unbiased a99SB-disp MD ensemble.
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Supplementary Figure 22: Populations of J sheet conformations in unbiased and
reweighted MD ensembles of a-synuclein
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Supplementary Figure 23: Comparison of free energy surfaces of unbiased and
reweighted ensembles of a-synuclein. Free energy surfaces of unbiased MD ensembles
(top row) and reweighted ensembles (bottom row) of a-synuclein are shown as a function of
the radius of gyration (R,) and a-helical order parameter Sa of each conformation.
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Supplementary Figure 25: Comparison of energy landscape visualization method
(ELViM) projections of unbiased and reweighted MD ensembles of drkN SH3.
A 2D ELViM embedding was calculated using all conformations from unbiased a99SB-disp,
C22* and C36m MD ensembles of drkN SH3. A) The values of the radius of gyration (R,)
and the a-helical order parameter Sa of each conformation in the unbiased MD ensembles
of drkN SH3 projected onto the ELVIM latent space. B) Comparison of the density of
ELViM projections of unbiased and reweighted MD ensembles of drkN SH3. Representative
structures are shown for regions of high density in ELVIM projections of each ensemble.
Structures are colored with a blue-to-red gradient from the N-terminus to the C-terminus.
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Supplementary Figure 26: Comparison of energy landscape visualization method
(ELViM) projections of unbiased and reweighted MD ensembles of PaaA2. A 2D
ELViM embedding was calculated using all conformations from unbiased a99SB-disp, C22*
and C36m MD ensembles of PaaA2. A) The values of the radius of gyration (R,) and the
a-helical order parameter Sa of each conformation in the unbiased MD ensembles of PaaA2
projected onto the ELVIM latent space. B) Comparison of the density of ELVIM projections
of unbiased and reweighted MD ensembles of PaaA2. Representative structures are shown
for regions of high density in ELViM projections of each ensemble. Structures are colored
with a blue-to-red gradient from the N-terminus to the C-terminus.
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Supplementary Figure 27: Comparison of energy landscape visualization method
(ELViM) projections of unbiased and reweighted MD ensembles of a-synuclein.
A 2D ELViM embedding was calculated using all conformations from unbiased a99SB-disp,
C22* and C36m MD ensembles of a-synculein. A) The values of the radius of gyration (R,)
and the a-helical order parameter Sa of each conformation in the unbiased MD ensembles
of a-synculein projected onto the ELVIM latent space. B) Comparison of the density of
ELViM projections of unbiased and reweighted MD ensembles of a-synculein. Representative
structures are shown for regions of high density in ELViIM projections of each ensemble.
Structures are colored with a blue-to-red gradient from the N-terminus to the C-terminus.
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Supplementary Figure 28: Comparison of the overlap of inter-residue distance
PCA projections of unbiased and reweighted MD ensembles. A) 2D PCA projec-
tions were calculated for Ag40, drkN SH3, ACTR, PaaA2 and a-synuclein. PCA projections
were calculated for each protein using all conformations from unbiased a99SB-disp, C22* and
C36m MD ensembles. Projections of unbiased a99SB-disp, C22* and C36m MD ensembles
on the PCA latent space are shown in the top row. In the bottom row, each point is col-
ored with an opacity proportional to its statistical weight after reweighting with all available
experimental data. More transparent points corresponding to structures lower statistical
weights. Histograms were estimated for each projection using 60 bins in each dimension.
Data points belonging to histogram bins that contain at least one data point from each force
field are colored dark gray. B) Overlap of PCA latent space kernel densities of unbiased
and reweighted IDP ensembles. Values in the blue triangles reflect the PCA density overlap
of unbiased MD ensembles derived from different force fields, values in red triangles reflect
the PCA density overlap of reweighted ensembles derived from different force fields, and the
diagonal elements reflect the PCA density overlap of the reweighted ensemble derived from
each force field with its parent unbiased MD ensemble.
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Supplementary Tables

Supplementary Table 1: Comparison of ELViM and PCA Silhouette Scores.

a-Synuclein  PaaA2 ACTR drkN-SH3 A(-40
ELVIM 0.362 0.412  0.119 0.255 0.060
PCA 0.363 0.107  0.063 0.183 -0.034

Comparison of Silhouette scores* (Eq. 13) to quantify the quality of low-dimensional pro-
jections of the conformational space sampled in MD simulations analyzed in this work.

Supplementary Discussion

Theory

In the following sections we provide a brief overview of the theory of the maximum entropy
reweighting and the treatment of different sources error with regularization parameters. We

focus on the formalism proposed by Bussi et al.®7 which is the basis of our approach.

Overview of maximum entropy reweighting

A MD simulation generates a prior distribution Py(z) of conformations z. In initial im-

68 maximum entropy reweighting approaches were designed to determine the

plementations,
distribution Pj(x) which is the closest to Py(z) that fits ezactly each experimental data point
fi*P. To measure the statistical distance between the two distributions Py(z) and P(z), one

can use the Kullback—Leibler divergence, defined as:

Pi(x)
Py(x)

To determine P;(z), the closest distribution to Py(z) that fits the ensemble-averaged data,

DKL[P1|P0] :/Pl(x)ln d.ﬁE (1)
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the KL divergence is then minimized subject to the following two constraints:

/Pl(:p)fi(w)dx—ffzp:Ofori =0,1,2,..... M (2)

/ Pu(a)dr = 1 (3)

where f; () is the forward model needed to predict the value of observable i for each confor-
mation z. In Eq. 2, each experimental observation constrains the ensemble average of the
corresponding forward model f; (z) computed over the distribution P;(z) to be exactly equal
to f;*P. The second constraint in Eq. 3 ensures that P;(z) is normalized.

The problem of finding the distribution P;(z) that is the best representation of the state of
knowledge of a system after observing a set of experimental data can be cast in the framework
of information theory. In this framework, amongst all the possible distributions compatible
with the data, the one that has the highest degree of uncertainty should be selected in order
to ensure minimal bias and that the data has been used as conservatively as possible. This
uncertainty is expressed by the Shannon entropy® of the random variable z with distribution

P;(z) with respect to the reference distribution Py(z):

Pi(z)
Po(ZL‘)

[P = — / Pua)in 2 g0 = D[Py ()

Maximizing the Shannon entropy in Eq. 4 to determine P;(z) is thus equivalent to minimiz-
ing the KL divergence in Eq. 1, hence the name of maximum entropy reweighting.

The solution for the minimization of the KL divergence subject to the constraints in Eq. 2
and 3 can be achieved by using Lagrange multipliers. We first define the following Lagrange

function:

L = Dgi[Pi|Py) — éx [ / Pi(2) fi(x)da — ff“””p} —u [ / Pi(z)dz — 1} (5)

where \; and p are Lagrange multipliers. There is one Lagrange multiplier \; for each of the
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of the M experimental data points being used as constraints. To find stationary points of
the Lagrangian, we set dL/0P; = 0 and neglect the normalization factor. This leads to the

following form for the desired distribution P;(z):
Py(z) oc e” ZE A Py (1) (6)

Approaches such as gradient descent or appropriate quasi-Newton methods can be utilized
to calculate the values of the Lagrange multipliers, which ultimately yield to a new set of

weights, one for each conformation of the ensemble:

w(x) x e SMoNifi(z) (7)

Introducing different source of errors

By fitting exactly the experimental observations, the formalism introduced above neglects
the fact that experimental data as well as forward models can be affected by random and
systematic errors and therefore data should not be matched ezactly to avoid overfitting to
noise. In order to alleviate the problem of data overfitting, maximum entropy reweighting
approaches can be modified to account for different sources of errors as well as a limited confi-
dence in the prior distribution. Different approaches have been proposed over the years. %1013
In the formalism of Bussi et al.,® errors are modeled by modifying the constraints of Eq.
2 by introducing an auxiliary variable for each data point ¢;, which represents the differ-

ence between experimental and predicted values. The new constraints are hence defined as

follows:

/Pl(x) (fi(z)+€)de — [ =0fori=0,1,2,..... M (8)
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Errors can be modeled by choosing a proper prior distribution function for the variables ;.

We choose a Gaussian prior with fixed standard deviation o; for the 7" observable.

Py(€;) H €,<;?> (9)

The value of o; corresponds to the level of confidence in the " experimental data point
and ultimately determines how well the reweighted ensemble will fit the data. o; = oo
implies no confidence in the data and results in a reweighted ensemble that is identical to
the unbiased simulation. o¢; = 0 implies complete confidence in the data and results in
a reweighted ensembles in which the " data point is exactly matched, as in Eq. 2. The
selection of appropriate values of the regularization parameters o; for each experimental data
point is therefore essential to balance one’s confidence in a prior model (ie. the accuracy
of a force field), error estimates of experimental measurements and error estimates of the
accuracy of forward models for predicting experimental data. Ultimately, the properties of
the resulting conformational ensembles will be highly dependent on the relative magnitudes
of the regularization parameters selected for each experimental data point.

Different strategies have been developed to identify the optimal values of ¢;. Typically, when
performing reweighting using multiple types of experimental data, one value of o; is assigned
to each class of experimental data, such as SAXS intensities or NMR chemical shifts, RDCs
or scalar couplings. A grid search is then performed, usually independently for each class
of experimental data, and the optimal value of o; is identified for each class to maximize
the agreement of the reweighted ensemble with independent experimental data not used
for reweighting. '*A final reweighting step using all the available experimental data is then

performed.
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Determining regularization parameters

In the approach proposed in this work, we assign one regularization parameter o; to each
data point. To optimize the grid search over the space of o;, using a similar functional form

to previous work!® we decompose this parameter into two contributions:

0; = \/ 07L2,MD + Ugeg‘ (10)

where 0,4 is the regularization parameter, one per data type, that describes both experi-
mental and forward model errors of this specific type of experiment. The o, y/p parameter,
one per data point, represents both the statistical errors of forward models to predict ex-
perimental data and statistical errors that result from calculating average quantities over a
finite-size ensemble. We calculate o; yrp using the Flyvbjerg block analysis'®'® technique to
account for the correlation between adjacent frames in the MD simulation or the standard
error of the mean for uncorrelated data. We use a single free parameter, the (normalized)

77

Kish effective sample size,!" or Kish ratio K, to determine the optimal values of o, for

each experimental data type as described in the main text. K is defined as

1 N 2 N )
K:N (;wz> /Zzlwz (11)

where w; is value of the statistical weight of the ¢th frame.

Developing a maximum entropy reweighting protocol
with a single free parameter

Here, we summarize the key features of our approach and provide illustrative examples that
highlight the rationale behind the choices made. We build upon the formalism of Bussi

and coworkers,®” where the strength of the restraint on each experimental data point i is
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determined by the value of an adjustable regularization parameter o; (Eq. 10). A key feature
of our reweighting procedure is the use of effective ensemble sizes of reweighted ensembles
to select the values of regularization parameters for reweighting. We quantify the effective
ensemble size of reweighted ensemble using the Kish ratio™" (Eq. 11). Briefly, the Kish ratio
(K) is a measure of the fraction of frames of an original ensemble with significant statistical
weights after reweighting. A reweighted ensemble where ~90% of the frames have statistical
weights close to zero will have a Kish ratio of K ~ 0.10. Conversely, if an unbiased MD
ensemble contains 10,000 frames, a reweighted ensemble with a Kish ratio K ~ 0.01 would
contain approximately 100 frames with statistical weights substantially larger than zero.
We initially attempted to reweight IDP ensembles using a cross-validation approach to deter-
mine the relative strengths of restraints for different experimental data types. We performed
reweighting using a single value of the regularization parameter o for all experimental data
points of a given type (ie. Ca chemical shifts, C/ chemical shifts, SAXS intensities) and it-
eratively decreased the value of o while monitoring: i) the root mean squared error (RMSE)
between calculated and experimental data used as restraints; ii) the RMSE between calcu-
lated end experimental cross-validating data not used as restraints; iii) the Kish ratio of the
reweighted ensemble. We sought to identify an optimal value of o for each experimental
data type corresponding to the point where further reducing o caused agreement with un-
restrained cross-validating experimental data to deteriorate. We found, however, that many
experimental data types were highly correlated and the RMSE of several cross-validating
data sets continued to improve as the Kish ratio approached zero (SI Figure 1).

We tested several Bayesian and heuristic approaches to infer the optimal values of regulariza-
tion parameters for each type of experimental data by monitoring the agreement of restrained
and unrestrained cross-validation data using empirical RMSE thresholds and L-curve or “el-
bow method” analyses.®!*!® In many instances, we observed that these approaches pro-
duced reweighted ensembles with extremely small effective ensemble sizes, where only hun-

dreds of structures from an initial MD ensemble of nearly 30,000 structures maintained
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appreciable statistical weights after reweighting (K < 0.01). When reweighting ensembles
derived from different force fields, we observed that these approaches produced reweighted
ensembles with dramatic differences in their effective ensemble size, depending on the ini-
tial agreement of unbiased MD ensembles with experimental data. This complicated global
comparisons of the accuracy and structural properties of reweighted ensembles derived from
different force fields.

As we desire reweighted ensemble sizes that are large enough to provide reasonable statistics
for the conformational properties of IDPs, such as the overall topology of backbone confor-
mations and the relative positions of sidechains, we opted to utilize the value of the Kish
ratio of reweighted ensembles to determine regularization parameters for each data type. To
account for the errors of forward models used to calculate experimental data and the effects
of calculating average quantities over a finite-size ensemble, we introduced an additional
regularization parameter o; yrp for each experimental data point i used for reweighting (Eq.
10). Inspired by previous work, ' We calculated o; y/p by applying the Flyvbjerg block anal-
ysis method !¢ to the forward model predictions obtained from the unbiased MD trajectory.

With this addition, we obtain one regularization parameter for each experimental data point

o; = ,/JZMD + aZeg, where 0,4 is the same for all data of a given data type (ie. 0yeq—ca,

Oreg—CBs Oreg—SAXS)-

To determine an optimal minimum Kish ratio threshold for reweighting IDP ensembles, we
examined how the conformational properties of reweighted ensembles changed as a function
of 0,¢4 for each data type. We sought to identify a minimum Kish ratio threshold where
the conformational properties of reweighted ensembles, such as secondary structure content,
radius of gyration (R,) and populations of intramolecular contacts, remained relatively con-
sistent as 0,4 was decreased and further improvements in the agreement between calculated
and experimental data were largely achieved by increasing the sparsity of the reweighted
ensemble. For each data type, as the strength of experimental restraints was increased (by

decreasing o,.,) we generally observed an initial regime where agreement with experimental
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data was achieved by changing the statistical weights of the structures belonging to the most
populated regions of conformational space sampled in unbiased MD simulations. As Kish
ratios approached smaller values (ie. K < 0.10), improved agreement with experimental data
was often achieved by favoring a smaller number of structures from regions of conformational
space with unfavorable free energies in unbiased MD simulations.

An illustrative example of this behavior is shown in SI Figure 2. Here, we use only two
experimental backbone NMR chemical shifts of a single residue as restraints to reweight the
unbiased a99SB-disp MD ensemble of PaaA2. We examine how reweighted distributions of
the predicted values of these chemical shifts change as we increase the strength of these two
restraints. We observe that as we decrease o,., from 16.0 to 2.0, we improve agreement
with experimental data by increasing the statistical weights of conformations near the most
populated free energy basins of the original unbiased MD ensemble. When we further increase
the strength of experimental restraints by setting o,., = 1.0, the Kish ratio drops to K =
0.003, corresponding to an effective reweighted ensemble size of approximately one hundred
structures from an initial ensemble of 29,976 structures. Notably, we observe that very few of
the conformations that maintain non-negligible statistical weights in the reweighted ensemble
are located within the free energy basins of the original unbiased MD ensemble (SI Figure 2).
This dramatic reduction in the effective ensemble size and reshaping of the free energy surface
results in an extremely marginal improvement in the agreement between the calculated and
experimental values of these chemical shifts relative to the reweighted ensemble obtained
with o0,¢, = 2.0, which has a Kish ratio K = 0.11. This marginal improvement is likely
within the noise of chemical shift predictor SPARTA+.

We performed similar analyses for each experimental data type, monitoring how the free
energy surfaces of reweighted ensembles and agreement with unrestrained cross-validating
data varied with o,.,. Based on these analyses, we elected to select regularization parameters
using a Kish ratio threshold of K = 0.10. This means we iteratively decrease o,.4 for each

individual data type until the resulting reweighted ensemble has a Kish ratio K < 0.10, and
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select the smallest value of 0,¢, where K > 0.10 as the final o,., value for that data type.
After establishing an initial 0,4 for each individual data type, we perform a global reweight-
ing using all experimental data as restraints simultaneously. In order to ensure a suitable
ensemble size for the final reweighted ensemble, we rescaled the regularization parameter of
each data type by a global scaling factor o,¢q—ciopar- We iteratively decrease the value of
Oreg—Global and select the minimum value of 0,¢5—giobar that produces a reweighted ensemble
with Kish ratio K > 0.10 as the final value for global reweighting using all experimental data
as restraints. The full reweighting protocol is illustrated for the a99SB-disp MD ensemble of
AB40 in SI Figure 3. We note that the choice of an optimal Kish ratio threshold is ultimately
a subjective decision that will depend on the initial ensemble size of unbiased ensembles, the
desired level of agreement with experimental data and the the desired degree of statistical
sampling of properties of interest in reweighted ensembles. We found that varying the Kish
ratio threshold between K = 0.05 and K = 0.25 did not appreciably change the structural

properties of reweighted IDP ensembles or any of the conclusions of this study.

A maximum entropy reweighting protocol with a single free pa-
rameter improves agreement with extensive experimental datasets

with minimal overfitting

We illustrate the key components of the proposed reweighting procedure by reweighting the
unbiased a99SB-disp MD ensemble of A540 (SI Figure 3). We illustrate the process of de-
termining o,., for each experimental data type of A340 in SI Figure 3A and the process of
determining the global regularization parameter scaling factor o,c,—gioba in Figure SI Figure
3B. In both plots, we denote the selected Kish ratio threshold K = 0.10 with a dashed line.
The proposed automated reweighting procedure simultaneously improves agreement with all
types of experimental data in this system without requiring any manual adjustments of the

relative strength of experimental restraints. We observe that the RMSE between calculated
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and experimental data monotonically decreases for all types of experimental data as the
effective ensemble size of the reweighted A540 ensemble decreases from 30,000 to 3000, cor-
responding to the selected Kish Ratio threshold of K=0.10 (SI Figure 3A). We find that the
RMSE between calculated and experimental data continues to monotonically decrease for
all types of data until the effective ensemble size reaches ~150 structures (K ~0.005). This
demonstrates that while we select a Kish Ratio threshold of K=0.10 to obtain a desired de-
gree of statistical sampling in our final reweighted A540 ensemble, we could further improve
global agreement with experimental data if we were willing to produce a sparser reweighted
ensemble with less statistical sampling of conformational properties of interest. We note
the RMSE between calculated and experimental data begins to deteriorate for extremely
small effective ensembles sizes containing fewer than 70 structures, which we attribute to
instability in the L-BFGS minimizer used to minimize the Lagrange function in SI Eq. 5 in
the presence of 237 experimental restraints.

A key feature of the reweighting protocol proposed here is that the relative strengths of
restraints for different types of experimental data are determined automatically. It is there-
fore important to determine if the proposed procedure simultaneously improves agreement
with all data types in large experimental NMR and SAXS datasets or if the procedure is
overfit to a subset of experimental data. To asses this, we performed i) reweighting using
each experimental data type as the only restraint; ii) a global reweighting using all experi-
mental data as restraints; and iii) a leave-one-out cross-validation reweighting using all but
one experimental data type as restraints. The results of these reweighting calculations are
shown for the a99SB-disp MD ensemble of AS40 in SI Figure 3C and SI Figure 3D. In SI
Figure 3D we compare the accuracy of reweighted ensembles to the unbiased ensemble using
a normalized RMSE (RMSEy) where we normalize the value of the RMSE calculated for
each experimental data type by the corresponding value in the unbiased a99SB-disp MD
ensemble (RMSEyx = RMSE/RMSE.99s8—disp ) -

We observe that when we use all available experimental NMR data (Co, O, Ho, H, and N
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backbone NMR chemical shifts, backbone 3.Jgyfr, coupling constants, and backbone RDCs)
as restraints our reweighting protocol simultaneously improves agreement with all experimen-
tal data types (SI Figure 3D, “All Restraints”). For each experimental data type, we obtain
a smaller RMSE between calculated and experimental data when we perform reweighting
using only those data as restraints (SI Figure 3D “Individual Restraints”) compared to the
RMSE obtained when performing reweighting using all available data as restraints. This
demonstrates that satisfying multiple types of data requires trade offs in the agreement
with each type of restraint and that our reweighting procedure naturally balances the streg-
nths of different types of restraints without requiring manual adjustment of regularization
parameters or cross-validation thresholds.

We observe that the RMSE between calculated and experimental data for each data type
withheld in leave-one-out cross validation reweighting calculations is very similar to the
RMSE obtained when reweighting using all experimental data as restraints (SI Figure 3D,
“Cross validation”). This suggests that using a Kish ratio threshold of K > 0.10 to de-
termine regularization parameters for each data type results in minimal overfitting when
all experimental data are used as restraints in this system. We observe that the struc-
tural properties (secondary structure populations, intramolecular contact populations and
R, distribution) of the AB40 conformational ensemble obtained by reweighting with all ex-
perimental data and the structural properties of conformational ensembles obtained from
leave-one-out cross-validation reweighting calculations were largely indistinguishable (data
not shown). This suggests that we are in a data rich regime where all of the reweighted
ensembles of A (340 derived from the unbiased a99SB-disp A540 MD ensemble are extremely
similar.

We note that for the a99SB-disp A540 unbiased MD ensemble, with the exception of back-
bone RDCs, the agreement of unrestrained cross-validating data with experiment contin-
ues to improve as the effective ensemble size is decreased beneath 3000 structures, below

the selected Kish Ratio threshold of K=0.10 (SI Figure 3C). We find that unrestrained
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cross-validating continues to improve until the effective ensemble size of the reweighted en-
semble contains fewer than 70 structures, demonstrating that we could further improve
agreement with unrestrained cross-validating data if were willing to obtain a much sparser
final reweighted ensemble. This suggests that using a Kish ratio threshold of K > 0.10 to
determine regularization parameters for each data type results in minimal overfitting when

all experimental data are used as restraints.

Assessing the accuracy of IDP conformational ensembles

IDP conformational ensembles calculated using the maximum entropy reweighting procedure
proposed in this work have exceptional agreement with extensive experimental NMR and
SAXS datasets that describe the local and global structural properties of IDPs compared to
the agreement observed in unbiased MD simulations performed with state-of-the-art force
fields.2%2! We compare the accuracy of reweighted conformational ensembles of A/340, drkN
SH3, ACTR, PaaA2 and a-synuclein derived from 30us unbiased a99SB-disp, C22* and
C36m MD simulations in Figure 1, SI Figure 12, Figure 2, Figure 3 and SI Figure 21,
respectively.

We observe similar agreement between calculated and experimental data in the reweighted
a99SB-disp, C22*, and C36m ensembles of A540 (Figure 1), ACTR (Figure 2), and drkN SH3
(SI Figure 12). The RMSEy of reweighted ensembles of A340, are 0.73, 0.63, 0.61, for a99SB-
disp, C22* and C36m, respectively (Figure 1E); the RMSEy of the reweighted ensembles of
ACTR are 0.84, 0.84, 0.85, for a99SB-disp, C22* and C36m, respectively (Figure 2C); and
the RMSEy of reweighted ensembles of drkN SH3 are 0.80, 0.95, 0.91, for a99SB-disp, C22*
and C36m, respectively (SI Figure 12C). All of the reweighted ensembles of these three IDPs
are in exceptionally good agreement with experimental NMR and SAXS data, and are in
substantially better agreement with experimental data than the most accurate unbiased MD
ensembles of these proteins reported in previous benchmark studies. 292!

We observe larger differences between calculated and experimental data in reweighted en-
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sembles of PaaA2 (Figure 3) and a-synuclein (SI Figure 21). The RMSEy of reweighted
ensembles of PaaA2 are 0.80, 1.39, 1.14, for a99SB-disp, C22* and C36m, respectively (Fig-
ure 3C), while the RMSEy of reweighted ensembles of a-synuclein are 0.79, 2.46, 1.97, for
a99SB-disp, C22* and C36m, respectively (SI Figure 21C). Reweighted a99SB-disp, C36m
and C22* ensembles of PaaA2 have a similar agreement with experimental NMR, chemical
shift and RDC data (Figure 3C). The agreement between calculated and experimental data
of reweighted C22* and C36m a-synuclein ensembles is, however, substantially worse than
the agreement observed in the reweighted a99SB-disp ensemble (SI Figure 21C).

The agreement with experimental SAXS data is particularly poor in reweighted C22* and
C36m ensembles of PaaA2 and a-synuclein. The C22* and C36m MD ensembles of these
IDPs are substantially more compact than the a99SB-disp ensembles both before and after
reweighting (Figure 3, SI Figure 18, SI Figure 21, SI Figure 23). Reweighting C22* and
C36m ensembles of PaaA2 and a-synuclein only produces a marginal improvement in their
agreement with the experimental SAXS data (Figure 3A, SI Figure 21A). This results from
the fact that unbiased C36m and C22* ensembles of PaaA2 and a-synuclein contain almost
no conformations with a R, as large as the experimental R, determined from SAXS?*32 (SI
Figure 18, SI Figure 23). This places an upper limit on the agreement that can be obtained
from reweighting regardless of the specified Kish ratio threshold. Reweighted C36m and
C22* ensembles of a-synuclein also have substantially worse agreement with experimental
NMR chemical shift, RDC, and PRE data than the reweighted a99SB-disp ensemble, due to
an overestimation of -sheet content and overly compact ensemble dimensions (SI Figures
21-24).

We present detailed leave-one-out cross validation analyses of reweighting calculations per-
formed on a99SB-disp MD ensembles of A540, drkN SH3, ACTR, PaaA2 and a-synuclein
in SI Figure 3, SI Figure 11, SI Figure 7, SI Figure 16 and SI Figure 20, respectively. We
observe similar global improvements in the agreement between calculated and experimental

data in all proteins, illustrating the robustness of the reweighting protocol proposed here on
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a range of IDPs. We note one exception in the case of the protein ACTR, where the agree-
ment between calculated and experimental SAXS data obtained using all experimental data
as restraints is slightly (6%) worse than the agreement observed in the unbiased a99SB-disp
MD ensemble of ACTR (SI Figure 7). We also observe that the RMSE between calculated
and experimental SAXS data is 18% worse than the RMSE of the unbiased a99SB-disp MD
ensemble when SAXS data is excluded as cross-validating data. This demonstrates some in-
compatibility in the agreement between experimental NMR data (backbone chemical shifts,
backbone RDCs and PREs) and SAXS data in the conformations sampled in the unbiased
a99SB-disp MD ensemble of ACTR.

Remarkably, only three of the fifty experimental data types withheld in leave-one-out cross-
validation reweighting calculations performed on a99SB-disp MD ensembles of A340, drkN
SH3, ACTR, PaaA2 and a-synuclein were found to have worse agreement with experiment
in reweighted ensembles than in unbiased MD ensembles: PRE data measured with a spin-
label on residue 59 of drkN SH3 (drkN SH3 PRE-59), ACTR SAXS data and a-synuclein
backbone ®Jg e, coupling constants (SI Figure 11, SI Figure 7, SI Fig 20). Similarly,
only five data types withheld in leave-one-out cross-validation reweighting tests performed
on C36m ensembles had worse agreement with experiment in reweighted ensembles than
in unbiased MD ensembles (ACTR PRE-3, ACTR PRE-41, ACTR PRE-61, ACTR SAXS
data and a-synuclein PRE-103) and only three data types withheld in leave-one-out cross-
validation reweighting tests performed on C22* ensembles had worse agreement in reweighted
ensembles (drkN SH3 PRE-59, ACTR PRE-41 and a-synuclein PRE-103). Together, these
results demonstrate that the automated maximum entropy reweighting protocol introduced
in this investigation to refine IDP ensembles improves agreement with extensive experimental

datasets from NMR spectroscopy and SAXS with minimal overfitting.
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Comparing IDP conformational ensembles derived from different

force fields

The populations of a-helices in unbiased and reweighted ensembles of ACTR and PaaA2
are shown in Figure 2 and Figure 3, respectively. The populations of a-helices in unbiased
and reweighted ensembles of AS40, drkN SH3 and a-synuclein are shown in SI Figure 4,
SI Figure 12, and SI Figure 21, respectively. We observe highly consistent populations of
moderately stable helices (populations of 20%-40%) in the reweighted ensembles of ACTR
and drkN (Figure 2, SI Figure 12). In the case of PaaA2, we observe large differences in
the locations and populations of helical elements in unbiased MD ensembles that become
substantially more similar after reweighting (Figure 3). We note that there are strong signals
for the helical elements of drkN SH3, ACTR and PaaA2 in experimental NMR chemical shift,
RDC, and NOE data and that the populations of helical conformations observed in our
reweighted ensembles are in excellent agreement with helical populations directly estimated
from experimental data.??2724

The populations of (§-sheets in unbiased and reweighted ensembles for AS40, drkN SH3,
ACTR, PaaA2 and a-synuclein are shown in Figure 1, SI Figure 13, SI Figure 8, SI Figure 17
and SI Figure 22 respectively. We observe that all reweighted ensembles of A340 converge to
very similar secondary structure populations, with residues 15-20 and residues 30-35 forming
p-sheets with populations of 20%-40% (Figure 1). We observe several highly populated
B-sheets (populations of 40%-95%) in unbiased C36m and C22* MD ensembles of drkN
SH3 and a-synuclein that produce notable discrepancies with experimental NMR data (SI
Figure 12, SI Figure 13, SI Figure 21, SI Figure 22). The populations of these [5-sheets are
only partially decreased upon reweighting. The unbiased C36m MD ensemble of drkN SH3
contains [-sheets between by residues 1-10 and residues 20-30 with populations of 40%-80%.
These populations are reduced to 20%-40% after reweighting with all experimental data.
The reweighted C36m drkN SH3 ensemble, however, has substantially worse agreement with

NMR chemical shifts and 2 Jg x o scalar couplings than the reweighted a99SB-disp drkN SH3
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ensemble, which contains very little residual S-sheet structure. We observe similarly modest
reductions in spurious populations of S-sheets in reweighted C22* and C36m ensembles of
a-synuclein (SI Figure 21, SI Figure 22).

To determine if the persistence of spurious [-sheet populations is the result of our selected
Kish ratio threshold of K = 0.10 we computed reweighted C22* and C36m ensembles of
drkN SH3 and a-synuclein using a Kish ratio threshold of K = 0.01. We observed similar
[-sheet populations in these reweighted ensembles, suggesting that the persistence of these
[-sheets is likely the result of the relatively weak effect of residual S-sheet structure on exper-

imental secondary NMR chemical shifts?:2¢

and the properties of empirical structure based
chemical predictors. Previous work has shown that experimental secondary NMR, chemical
shifts and structure-based backbone NMR chemical shift predictions from algorithms such
as SHIFTX+2" and SPARTA+'Y are inherently less discriminative of conformations in the
p-sheet region of backbone ¢/1) Ramachandran space than conformations in the a-helical
region. 2526

We find that our proposed reweigthing procedure only marginally reduces the populations of
potentially spurious (-sheets in reweighted ensembles of drkN SH3 and a-synuclein relative
to those calculated by X-EISD?® and ASTEROIDS.? We note that these approaches, and
other ensemble calculation approaches that generate conformations by statistically sampling
backbone dihedral angles, may not sample any hydrogen-bonded [-sheet conformations in
initial conformational pools used for ensemble selection, but rather aim to identify elevated
sampling of S-sheet Ramachandran space relative to statistical coil models. Therefore, pop-
ulations of #-sheets observed in reweighted MD ensembles may not be directly comparable to
[-propensities identified in these ensemble calculation approaches. Nevertheless, we caution
that the presence of substantially populated -sheets in reweighted MD ensembles produced
by our reweighting procedure does not necessarily suggest strong experimental evidence for

residual [-sheet populations. We encourage a direct inspection of agreement with experi-

mental data for these 8-sheet elements. We emphasize that an important difference between
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ensembles obtained from reweighting long timescale MD simulations and ensemble selec-
tion approaches such as ASTEROIDS??% or EOM?? is that the positions of side chains in
reweighted MD ensembles are governed by the physics of the underlying force fields, com-
pared to a stochastic sampling of side chain rotamer libraries to place side chains and avoid
steric clashes. The positions of sidechains in reweighted MD ensembles may therefore have
more physical meaning.

We observe that IDP ensembles derived from MD simulations run with different force fields
converge to very similar populations of residual helical structure after reweighting, but IDP
ensembles with identical populations of a-helices can have large differences in the lengths
of helical elements observed in individual conformations. An IDP ensemble containing ten
consecutive residues with 50% a-helical populations might be constituted of only structures
containing a contiguous ten-residue helix or structures with no helical content. Alterna-
tively, this ensemble could contain conformations with short helical elements where the
populations of helical turns are relatively uncorrelated from neighboring residues. To obtain
a more detailed measure of the similarity of the individual conformations within unbiased
and reweighted IDP ensembles, we compared the free energy surfaces of the unbiased and
reweighted ensembles of each protein as a function of R, and the a-helical order parameter
Sa. Sa is a measure of the number of seven residue fragments in a structure that resemble
an ideal helix® (See Methods). The free energy surfaces of unbiased and reweighted en-
sembles of PaaA2 are shown as a function of R, and Sa in SI Figure 18. The free energy
surfaces of unbiased and reweighted ensembles of A(540, drkN SH3, ACTR and a-synuclein
are shown as a function of R, and Sa in SI Figure 5, SI Figure 14, SI Figure 9 and SI Figure
23, respectively.

We observe dramatic differences in the free energy surfaces of the unbiased a99SB-disp,
C36m and C22* ensembles of PaaA2 both before and after reweighting (SI Figure 18). The
reweighted a99SB-disp, C22* and C36m PaaA2 ensembles have similar per-residue popula-

tions of helical conformations but have very little overlap when projected using R, and Sa
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descriptors. For comparison, we plot the R, and S« values of 50 conformations contained
in a protein ensemble database (PED)3! ensemble of PaaA2 calculated directly from NMR
and SAXS restraints (PED00013)? as white dots in each free energy surface in SI Figure 18.
We observe that the unbiased a99SB-disp PaaA2 MD ensemble has two broad free energy
minima in the R, and Sa projection. One of these minima overlaps very well with the con-
formations in PED00013 ensemble, and the depth of this minimum is substantially increased
upon reweighting. The overly compact unbiased C22* and C36m MD ensembles of PaaA2
have relatively little overlap with the experimental PaaA2 ensemble in this projection. Upon
reweighting, the overlap with more compact conformations in the experimental ensemble in-
creases, but the reweighted C22* and C36m ensembles are substantially more similar to the
unbiased MD ensembles from which they were derived than to the experimentally restrained
PED ensemble or the reweighted a99SB-disp PaaA2 ensemble. Reweighted PaaA2 ensembles
clearly do not converge to similar conformational distributions across different force fields.
Free energy surfaces of unbiased and reweighted drkN SH3 ensembles are compared to an
experimental ensemble (PED00427) in SI Figure 14. All three unbiased MD ensembles of
drkN SH3 have substantial overlap with the experimental ensemble in the R, and Sa projec-
tion, and the free energy surfaces of reweighted ensembles are relatively similar. In contrast
to PaaA2, reweighted drkN SH3 ensembles appear to converge to similar conformational
distributions with similar lengths of helical elements and a similar coupling between helix
formation and chain compaction. Free energy surfaces of reweighted and unbiased ensembles
of AB40, ACTR and a-synuclein are shown as a function of R, and Sa in SI Figure 5, SI
Figure 9 and SI Figure 23, respectively. Reweighted ensembles of A 540, which have minimal
helical content, are fairly similar in this projection. Unbiased ensembles of ACTR have fairly
large differences in this projection, and become more similar after reweighting. Unbiased and
reweighted a-synuclein ensembles have very little overlap in these projections.

We examine the similarity of the populations of intramolecular contacts, or contact maps,

of unbiased and reweighted ensembles of A(540, drkN SH3, ACTR, PaaA2 and a-synuclein
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in SI Figure 6, SI Figure 15, SI Figure 10, SI Figure 19 and SI Figure 24, respectively.
Unbiased Ap40 ensembles have a similar pattern of intramolecular contacts, defined by
contacts between residues 15-20 and residues 30-35, with notable differences in populations.
The populations of these contacts, which are driven by transient -sheet formation, become
more similar after reweighting (SI Figure 6). The populations of intramolecular contacts
of drkN SH3 and ACTR are quite similar in unbiased MD ensembles of C36m and C22*,
while the more extended unbiased a99SB-disp MD ensembles contain fewer intramolecular
contacts. Upon reweighting ensembles of drkN SH3 and ACTR with experimental datasets
that contain PREs and SAXS data, the contact maps become more similar, and the contact
maps of the reweighted ACTR ensembles are particularly similar (SI Figure 10).

The reweighted C36m and C22* ensembles of drkN SH3 contain several intramolecular con-
tacts resulting from [-sheet structure not observed in the reweighted a99SB-disp ensemble
(SI Figure 15). The overly compact unbiased C36m and C22* MD ensembles of PaaA2
and a-synuclein contain a large number of highly populated intramolecular contacts relative
to the more realistically expanded unbiased a99SB-disp MD ensembles (SI Figure 19, SI
Figure 24). The contacts observed in C36m and C22* PaaA2 and a-synuclein ensembles
remain highly populated after reweighting, as there are too few extended conformations in

the unbiased MD ensembles to reduce the populations of these contacts.

Importance of accuracy and adequate sampling in initial ensembles

used for reweighting

We emphasize that quality of reweighted ensembles obtained with the maximum entropy
reweighting protocol proposed here, or obtained with any maximum entropy reweighting
method, is highly dependent on the quality of the initial unbiased ensembles used for
reweighting. As maximum entropy methods identify the minimal perturbation to an initial
ensemble required to satisfy a given set of experimental restraints, the accuracy of reweighted

ensembles is fundamentally limited by the compatibility of the structures in the initial en-
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semble with experimental data. For example, if an initial ensemble of an IDP is generated
by a short MD simulation with an inaccurate force field that only samples overly collapsed
states with a substantially smaller radius of gyration than the experimental radius of gyra-
tion, no reweighting method can produce an ensemble in agreement with the experimental
SAXS data. Similarly, if experimental NMR chemical shifts indicate the presence of highly
populated helical elements in an IDP ensemble, and an initial ensemble used for reweight-
ing contains no helical conformations in these regions, it will not be possible to produce a
reweighted ensemble with the correct populations of helical elements, regardless of strategies
used to determine regularization parameters.

The success of any reweighting protocol is therefore contingent on using reasonably accurate,
well-sampled initial ensembles as input for reweighting. IDP conformational ensembles are
highly heterogeneous and contain structures with many distinct topologies separated by large
free-energy barriers. Sampling this vast conformational in explicit solvent all-atom MD sim-
ulations is extremely challenging. Therefore, even if an accurate force field and water model

20,21,32-34

combination is used for MD simulations very long-timescale MD simulations (10s-

35738 are generally required to obtain statistically

100s of ps) or enhanced sampling methods
meaningful descriptions of IDP conformational ensembles.

We note that the unbiased ensembles of PaaA2 and a-synuclein obtained from the C22* and
C36m force fields sample almost no conformations with an R, as large as the experimental 1z,
determined from SAXS, %320 due to the propensity of these force fields, used in combination
with the TIP3P water model, to substantially underestimate the R, of of IDPs longer than
60 residues.?® As a result, the reweighted ensembles of these proteins do not converge to

similar conformational distributions, reflecting the inherent limitations of maximum-entropy

reweighting methods discussed above.
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Comparisons to previous work

The reweighting approach presented here builds upon several successful maximum entropy
and Bayesian approaches for reweighting conformational ensembles of flexible molecules with
experimental data.® 71912 Refining conformational ensembles of flexible molecules with
maximum entropy reweighting poses two inherent challenges: i) determining how to balance
the strengths of experimental restraints against one’s confidence in the initial conforma-
tional ensemble, and ii) determining the relative strengths of different types of experimental
restraints. Several heuristic and theoretical approaches have been proposed for determining
or inferring the strengths of experimental restraints when reweighting ensembles of flexible
molecules. 107141828 When considering experimental datasets with a small number of experi-
mental data types cross-validation or L-curve/elbow methods provide a practical and direct
approach. When performing reweighting using a few sets of experimental data it is rea-
sonable and expedient to determine the strength of each set of restraints by identifying the
strength where the agreement of calculated cross-validating data with experiment begin to
deteriorate.

When reweighting conformational ensembles with data from many different experiments this
process becomes less straightforward and one must attempt to normalize the relative RMSE
between predicted and experimental values based on estimates of experimental measurement
errors and the errors of forward models used to predict experimental data. This is frequently
done through the use of x? values obtained by normalizing RMSE calculations with various
error models. While it is possible to propose reasonable estimates of experimental measure-
ment and forward model prediction errors for different types of data, these quantities are
inherently uncertain and these estimates introduce a degree of subjectivity into reweight-
ing protocols. Additionally, in cases where many experimental data are highly correlated,
such as NMR data that report on the distribution of backbone dihedral angles of IDPs (ie.
chemical shfits, scalar coupling constants, RDCs), cross-validation may not be a practical

approach to determine the relative strengths of restraints.
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We have proposed a heuristic approach for determining the relative strengths of experimental
restraints that directly builds upon previous work that considers the Kish ratios of reweighted
ensembles.” This approach is motivated by several practical considerations. One motivation
is a desire to objectively compare the accuracy of IDP ensembles derived from unbiased MD
simulations run with force fields with different levels of accuracy. If a reweighting approach
for calculating IDP ensembles contains adjustable parameters to determine the relative im-
portance of different types of experimental data in a reweighting objective function, it is
possible to adjust the relative “scores” or likelihoods of reweighted ensembles derived from
different force fields by adjusting these parameters.

A second motivation for using the effective ensemble size of reweighted ensembles to choose
the relative strengths of experimental restraints is a desire to directly compare the structural
properties and similarity of reweighted ensembles derived from different force fields. If we
choose to use RMSE (or x?) thresholds to determine the strengths of experimental restraints,
we observe that reweighted ensembles derived from different force fields can achieve similar
RMSEs with experimental data with dramatically different effective ensemble sizes. Requir-
ing an overly compact C22* or C36m ensemble to agree with SAXS data within a specified
tolerance could require reducing the ensemble to only tens of structures, while a more real-
istically extended a99SB-disp ensemble might contain 1,000s or 10,000s of structures after
reweighting. Comparing the structural properties and structural overlap of reweighted en-
sembles with orders-of-magnitude differences in effective ensemble sizes is less meaningful
than comparing ensembles with similar effective ensemble sizes.

An additional motivation for using the effective ensemble size of reweighted ensembles to
determine the relative strengths of restraints is our desire to adequately represent the most
populated regions of conformational space sampled in unbiased MD simulations in reweighted
IDP ensembles. One application of our research efforts to determine accurate atomic resolu-
tion ensembles of IDPs is to obtain mechanistic insight into their binding mechanisms with

small molecule drugs.?>#* These dynamic and heterogencous binding mechanisms are medi-
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ated by statistical distributions of backbone conformations and positions of sidechain phar-
macophores. As such, IDP ensembles with a small number of conformations that sparsely
sample backbone topologies and the relative positions of sidechain atoms are unlikely to be
informative for predicting small molecule binding sites or understanding subtle shifts in the
conformational ensembles of IDPs that occur upon small molecule binding. 3%40:42-44

We note a conceptual similarity of the reweighting procedure proposed here with the concept
of gentle ensemble refinement in the recently published work of Kofinger and Hummer.!3 In
this work, the authors propose an elegant approach to balance the strength of experimen-
tal restraints in maximum entropy reweighting against confidence in an initial prior model.
They relate the KLi divergence between the weights of an initial and reweighted ensemble to
an energy uncertainty of the unbiased ensemble, and propose to select the optimal value of
restraint strength by relating the expected force field accuracy in the space of experimental
observables to the expected energy variance upon reweighting. While motivated by theoreti-
cal considerations, this approach is similar in spirit and in practice to the heuristic approach
proposed here, where we specify an acceptable limit to changes in the statistical weights of
conformations in unbiased ensembles a priori. We also note that one could implement a
similar heuristic approach to one proposed here in the context of the L-curve/elbow method.
We draw attention to the small effective ensemble sizes obtained with our proposed reweight-
ing procedure if we utilize agreement with restrained or unrestrained data as the primary
criterion to select the strength of the experimental restraints. We observe that the RMSE be-
tween calculated and experimental data of both restrained and unrestrained cross-validating
data largely improve as the strength of experimental restraints is increased until ensemble
sizes become very small (Kish ratio K < 0.01), corresponding to effective ensemble sizes
of a few hundred structures. We note that several approaches to calculate IDP confor-
mational ensembles with a minimal set of structures, sometimes referred to as mazimum

parsimony*® approaches, have previously found that ensembles of ~50-500 structures are re-

quired to best reproduce NMR and SAXS data of IDPs.?323:25:2846 Tt appears that the IDP
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ensembles obtained by reweighting long timscale MD simulations using cross-validation ap-
proaches produce ensembles with a similar size to ensembles calculated by minimal ensemble
approaches.

We observe that the reweighted ensemble of IDPs obtained in this investigation have simi-
lar structural properties to conformational ensembles calculated from NMR and SAXS data
using minimal ensemble or maximum parsimony approaches. We find that a-helical popu-
lations of reweighted drkN SH3 ensembles obtained in this work agree well with the helical
populations of drkN SH3 ensembles derived from NMR and SAXS data with approaches
such as ENSEMBLE* and X-EISD.?® We also observe that a-helical populations in PaaA2
ensembles obtained from our reweighting approach agree reasonably well with populations
obtained in a previously reported PaaA2 ensemble? derived from NMR and SAXS data using

the EOM approach.?

Supplementary Methods

Experimental data used for reweighting

We used previously reported experimental datasets containing different combinations of ex-
perimental NMR and SAXS data to reweight simulations of each protein. Backbone NMR
chemical shifts??2234748 and residual dipolar couplings (RDCs)?%3241950 were used as re-
straints for all proteins. Three-bond backbone 3.J scalar coupling constants were used as
restraints for AB40°! and a-synuclein® ensembles. Paramagnetic relaxation enhancements
(PREs) were used as restraints for drkN SH3,% ACTR,? and a-synuclein%53°% ensembles.
SAXS data were used as restraints for drkN SH3,% ACTR, 5 PaaA2,? and a-synuclein® en-
sembles. We treat the NMR chemical shifts of each backbone nucleus (Ca, C5,C, Ha, H, N),
each class of 3J scalar coupling constant (ie. 3Jynpe and 3Joc) and PREs measured from
each nitroxide spin-label as separate experimental data types. The experimental datasets

used for calculating structural ensembles of A540, drkN SH3, ACTR, PaaA2 and a-synuclein
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ensembles contain 7, 10, 11, 8, and 14 experimental data types with 237, 458, 608, 541, and

1293 total experimental restraints, respectively.

Calculating experimental observables

All 30pus MD simulations analyzed here contained 29976 frames, with a spacing of ~1.0ns
per frame.?’ Backbone scalar coupling constants were calculated using previously deter-
mined Karplus equations.®”*® RDCs were calculated with PALES® using a local alignment
window of 15 residues.?* Backbone chemical shifts were calculated using SPARTA+'? with
MDTraj.® The SAXS profiles of each frame were calculated using Pepsi-SAXS® following
a previously described protocol®? setting adjustable solvent parameters to dp = 3.34e/ nm®
and ro = 1.68 A. The SAXS profiles were scaled by dividing the intensities by the intensities
in the first scattering angle in order to normalize the datasets and set the initial intensity to

1. PREs were calculated using distances between C'a atoms as described previously %3

a-helical order parameter So

Sa describes the similarity of each seven-residue fragment of a protein to an ideal helix.?3°

Sa is calculated as follows:
N 1_ <RMSDai>8

(12)

where RMSDq; is the root mean square deviation (RMSD) between a seven-residue fragment
of a protein (spanning from residue 7 to residue 7 + 6) and an ideal seven residue helix. Eq.
12 functions as switching function which outputs values ranging from 0 (indicating not
helical) to 1 (indicating perfectly helical) for each seven-residue segment. The threshold for
this function is adjusted by the parameter ro, which we set to 0.80 A. Setting the parameter
ro = 0.80 A means that a seven-residue segment with RMSDe; > 2.5 A effectively contributes
a value 0 to the S sum, while a seven-residue segment with RMSDa; < 0.5 A contributes

a value of 1.0 to the Sa sum. The value of Sa for a protein conformation can therefore
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be interpreted as a proxy for the number of seven-residue fragments that resemble an ideal

helix.

Comparison of low-dimensional projections obtained from ELViM

and PCA

We utilize the silhouette score (Eq. 13 and Eq. 14) to compare 2D ELViM and PCA
projections in terms of their ability to distinguish between conformational ensembles gener-
ated from the 3 force fields investigated in this study: a99SB-disp, C22* and C36m. The
silhouette score quantifies the consistency of clustering method by measuring how well each
cluster is distinguished from it’s nearest neighbors in a lower dimensional projection. For
each protein, we perform ELVIM and PCA on all three simulation datasets in aggregate
such that they are projected onto the same latent space. We consider each ”cluster” to
consist of all conformations belonging to a given ”parent” unbiased MD simulation used for
reweighting, and compute the silhouette score accordingly. Consequently, in the following,
‘cluster’ and ’'parent MD simulation ensemble’ are synonymous. Distances are measured
using the Euclidean distance between projected points. To compute the silhouette score, let
a(7) be the average intra-cluster distance for point 7 in simulation ensemble a, and b(i) be the
average inter-cluster distance for point ¢ and all of the points in nearest neighbor simulation

ensemble; b. The silhouette score for point i is defined as:

: b(i) — a(1)
= 1
AT IGRIG) "
The overall silhouette score is the average over all points:
. I~
silhouette score = — Z s(1) (14)

n <
=1

We observe that on average, we obtain substantially large silhouette scores from ELViM

projections than PCA Projections (SI Table 1).
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